Air pollution in many of India's cities exceeds national and international standards, and effective pollution control strategies require knowledge of the sources that contribute to air pollution and their spatiotemporal variability. In this study, we examine the influence of a single pollution source, outdoor biomass burning, on particulate matter (PM) concentrations, surface visibility, and aerosol optical depth (AOD) from 2007 to 2013 in three of the most populous Indian cities. We define the upwind regions, or "airsheds," for the cities by using atmospheric back trajectories from the HYSPLIT model. Using satellite fire radiative power (FRP) observations as a measure of fire activity, we target pre-monsoon and post-monsoon fires upwind of the Delhi National Capital Region and pre-monsoon fires surrounding Bengaluru and Pune. We find varying contributions of outdoor fires to different air quality metrics. For the post-monsoon burning season, we find that a subset of local meteorological variables (air temperature, humidity, sea level pressure, wind speed and direction) and FRP as the only pollution source explained 39% of variance in Delhi station PM 10 anomalies, 77% in visibility, and 30% in satellite AOD; additionally, per unit increase in FRP within the daily airshed (1000 MW), PM 10 increases by 16.34 μg m , visibility decreases by 0.155 km, and satellite AOD increases by 0.07. In contrast, for the premonsoon burning season, we find less significant contributions from FRP to air quality in all three cities. Further, we attribute 99% of FRP from post-monsoon outdoor fires within Delhi's average airshed to agricultural burning. Our work suggests that although outdoor fires are not the dominant air pollution source in India throughout the year, post-monsoon fires contribute substantially to regional air pollution and high levels of population exposure around Delhi. ) of the World Health Organization. These results suggest that providing viable alternatives to agricultural residue burning could help improve post-monsoon air quality for a growing population of 63 million (39% in urban areas) within Delhi's airshed.
Introduction
More than half of the Indian Subcontinent's population is exposed to average annual fine particulate matter (diameter less than 2.5 μm; PM 2.5 ) concentrations that surpass the least stringent annual PM 2.5 guideline (35 μg m −3 ) of the World Health Organization (WHO); mean annual PM 2.5 in 49% of the subcontinent's inhabited area exceeds the most stringent 10 μg m −3 guideline (Dey et al., 2012; WHO, 2006) .
Recent global air pollution studies highlight the public health importance of improving air quality in India, where approximately 600,000 annual premature deaths are attributable to outdoor air pollution, ranking second only to China (Lelieveld et al., 2015; Ghude et al., 2016; WHO, 2016) . PM 2.5 exposure is associated with an average lost life expectancy of 3.4 years across the country and up to 6.4 years in Delhi . Air pollution in India is a growing threat to public health, especially in high-density population centers exposed to high concentrations of particulate matter. Controlling air pollution in India is challenging because of complex interactions between local and regional sources (Kumar et al., 2015a) . Due to atmospheric transport, areas with higher aerosol emissions do not always correspond to higher aerosol concentrations (Kishcha et al., 2014) . Across the country, the most common anthropogenic emissions sources are from vehicles, manufacturing, electricity generation, construction and road dust, waste burning, and household energy use CPCB, 2011, Gargava and Rajagopalan, 2015a; Sharma and Dikshit, 2016) . Even single sources can have large health impacts. For example, emissions from coal-fired power plants have increased by 70% since the mid-1990s (Lu and Streets, 2012) , and 111 coal-fired power plants across the country were linked to an estimated 80,000-115,000 premature deaths due to PM 2.5 exposure in 2010-2011 (Guttikunda and Jawahar, 2014) . Despite implementation of different air quality policies, population growth, increasing living standards, and the concomitant demand for transportation, energy, and industry have contributed to increasing PM pollution levels over the past decade (Gurjar et al., 2016; CPCB, 2012) . Rising emissions, especially when coupled with population growth, are expected to increase the future burden of population exposure to air pollution (Lelieveld et al., 2015; Guttikunda and Jawahar, 2014) , underscoring the need to better understand how different sources impact air pollution.
Several previous studies have examined air quality in Delhi National Capital Region (NCR; hereafter referred to as Delhi). During 2007-2008, more than two-thirds of PM 2.5 samples exceeded the national ambient air quality 24-h standard of 60 μg m −3 (Tiwari et al., 2013; CPCB, 2009) , with the highest exposure in the winter when atmospheric conditions are typically more stable and surface ventilation is weak (Tiwari et al., 2013 (Tiwari et al., , 2014a . In Delhi, previous efforts to control pollution in the early 2000s, such as converting all commercial vehicles to compressed natural gas and closing polluting industries, helped to improve respiratory health (Foster and Kumar, 2011) , but these gains may be now overshadowed by the increased vehicle population (Gurjar et al., 2016) . Air pollution studies in other Indian cities are more limited, but also consistently show significant exceedances of air pollutant concentrations over national and international standards. In 2010, annual average PM 10 concentrations in six Indian cities (Pune, Chennai, Indore, Ahmedabad, Surat, and Rajkot) ranged from 73 to 119 μg m −3 , all above the national standard and corresponding to 15,200 premature deaths per year, with contributions from industrial activities, transportation, and road dust (Guttikunda and Jawahar, 2012) .
In addition to the contributions of urban sources to air quality degradation, outdoor fires are a regional air pollution source dominated by fires in agricultural regions (Vadrevu et al., 2008) . Particularly in northern India, fires are mostly from residue burning, which peaks in April to May (pre-monsoon) and October to November (post-monsoon), corresponding to burning after the wheat and rice harvests, respectively (Vadrevu et al., 2011; Venkataraman et al., 2006) . In the region of Punjab, mechanized harvesting has reduced the need for manual labor in the past two to three decades. However, the scattered, root-bound crop residue left behind by combine harvesters is difficult to remove, and burning is usually the fastest and cheapest method to clear fields for the next planting (Gadde et al., 2009; Kumar et al., 2015b ). An estimated 7-8 million tonnes of rice residue associated with post-monsoon agricultural burning are burned each year in Punjab, India (Kumar et al., 2015b) .
Wheat and rice residue burning releases accumulation mode aerosols that mostly contribute to the PM 2.5 fraction (Hays et al., 2005) . Post-monsoon burning lasts for several weeks and is associated with increased AOD across the Indo-Gangetic Plains (IGP); in contrast, premonsoon fires are not the dominant contributor to air quality degradation (Vadrevu et al., 2011; Singh and Kaskaoutis, 2014) . Atmospheric trajectory analysis shows aerosol plumes traveling eastward from northwestern India across the IGP Vijayakumar et al., 2016; . Satellite-based studies of post-monsoon burning in the Indo-Gangetic Basin (IGB) have shown elevated layers of aerosols from the surface to 4-4.5 km altitude, with peak concentrations below 1 km (Mishra and Shibata, 2012) . Ground measurements in northwestern India also show increases in aerosol, SO 2 , and NO 2 concentrations during rice and wheat burning periods (Mittal et al., 2009) .
In this study, we investigate the contribution of a single pollution source, outdoor biomass burning, to PM concentrations (as well as surface visibility and AOD) from 2007 to 2013 in three of India's populous cities (Delhi, Bengaluru, and Pune) by combining satellite fire observations, atmospheric trajectory modeling, and ground and satellite-based air quality observations. We focus on these three cities because they consistently had the highest fire activity in their surroundings relative to other major cities. We specifically address the following questions: 1) In which of the three Indian cities considered in this study are PM concentrations most affected by outdoor fires in their surroundings; 2) In which seasons do outdoor fires upwind of the three Indian cities most strongly affect PM concentrations through transport of emissions to cities; 3) To what extent are PM concentrations from outdoor burning in airsheds of India cities attributable to agricultural burning versus other fire types; and 4) How many people are exposed to degraded air quality from outdoor fires in the airsheds in these Indian cities?
Data and methods

Fire activity
We quantify fire activity with MODIS daily maximum fire radiative power (FRP) observations over India from January 2007 to December 2013. MODIS FRP estimates the amount of energy released by a fire (Wooster et al., 2005) and has been previously used to estimate variability in fire activity over time and by land cover type in India (Vadrevu et al., 2013) . Data are from Collection 6 Aqua (MYD14A1) and Terra (MOD14A1) products (http://reverb.echo.nasa.gov), available at 1 km 2 spatial resolution. We use these observations to quantify the spatiotemporal dynamics of fires across India within 200 km radii for the 10 most populous cities. The selection of 200 km is based on an initial estimate of the travel distance of carbonaceous aerosols, whose approximate atmospheric lifetime is 1-6 days (Pan et al., 2013) . We further refine the travel distance and transport pathways through analysis of atmospheric trajectories (Section 2.2).
HYSPLIT trajectory modeling
We use the National Oceanic and Atmospheric Administration (NOAA) Air Resource Laboratory's (ARL) Hybrid Single-Particle Lagrangian Integrated Trajectory model (HYSPLIT) (Stein et al., 2015; Rolph, 2016) to measure the influence of burning emissions within the "airsheds" of three major Indian cities that are most affected by fires: Delhi, Bengaluru, and Pune. We hereafter use the term "airshed" to refer to the spatial zone around a city where emissions can contribute to pollution within that city (in this case, due to outdoor fires).
Previous studies have used HYSPLIT back trajectories to monitor the influence of fires on air quality in nearby locations, both in India Beegum et al., 2009; Mishra and Shibata, 2012; Safai et al., 2007; Tiwari et al., 2014b) and other locations around the world (Sahani et al., 2014; Sapkota et al., 2005; Atwood et al., 2013; Dotse et al., 2016; Kusumaningtyas and Aldrian, 2016; Miller et al., 2011; Cady-Pereira et al., 2017 (Pan et al., 2013) and the peak time of regional burning (Giglio, 2007) , respectively (Table S1 ). Meteorology is from the NCEP Global Data Assimilation System (GDAS) model at 0.5°× 0.5°spatial resolution, available since September 2007.
The starting heights selected for back trajectory analysis in previous studies range from 100 m to more than 4 km above the receptor location, but those focused specifically on agricultural burning in India tend to use lower starting heights, generally below ∼2 km Beegum et al., 2009; Mishra and Shibata, 2012; Safai et al., 2007) . Thus, we run back trajectories at three altitudes: 500 m, 1 km, and 1.5 km. To then select the altitudes to be used for further analysis for each city and burning season, we estimate the planetary boundary layer (PBL) height, which is characterized by turbulent flow and strong vertical mixing, using the 2007-2012 MERRA meteorological fields at 2°× 2.5°(latitude by longitude) spatial resolution with 47 vertical layers (Rienecker et al., 2011) . The average PBL heights for each city and season in 2007-2012 are as follows: 437 m for Delhi post-monsoon, 1441 m for Delhi pre-monsoon, 864 m for Bengaluru pre-monsoon, and 837 m for Pune pre-monsoon (Fig. S4) . Using MERRA PBL heights as a guide, we choose starting heights of the HYSPLIT trajectories that were near or below the PBL height. We use the following trajectory heights for each city and burning season: 500 m for Delhi post-monsoon, 500 m, 1 km, and 1.5 km for Delhi pre-monsoon, and 500 m for Bengaluru and Pune pre-monsoon.
We construct airsheds at two temporal resolutions: daily and seasonal (two-month period). We use daily airsheds for statistical analyses of air quality observations (Sections 2.4), seasonal airsheds to analyze the sources of outdoor fires (Section 2.5), and composite (average multi-annual) seasonal airsheds to characterize fire intensity, surface winds, and population-level exposure (Section 2.3).
Daily airsheds
In order to extract fires within the airsheds around the three cities, we consider a 10 km buffer (20 km total width) around the HYSPLIT trajectories. While this buffer size is somewhat arbitrary, we do not find significant differences when we looked at a 5 km buffer (data not shown). We account for the lag in travel time from FRP source regions to the three cities by grouping the hourly output coordinates from HYSPLIT atmospheric trajectories by day ( Fig. 1) . We then extract the total FRP within the HYSPLIT trajectory buffers based on this spatial and temporal information. We use the aggregate FRP within the daily airshed, which often cover more than 50 MODIS pixels, including the 10 km buffer around the trajectories to mitigate FRP uncertainties (Freeborn et al., 2014) .
Seasonal airsheds
We construct seasonal airsheds for each burning season and city. We rasterize all daily trajectories at the selected altitudes according to a 0.3°× 0.3°resolution grid centered on each city. Each pixel that a trajectory intersects is assigned a value of 1. The density of groups of individual trajectories can be spatially approximated as a ratio to total trajectories. We then take pixels with a density > 0.1 to represent the seasonal airshed of a given year. To construct a composite airshed that spans the years of study and accounts for interannual variability, the T. Liu et al. Atmospheric Environment 172 (2018) 83-92 seasonal trajectory density maps are averaged across years, again constraining to pixels with a density > 0.1 ( Fig. 2 and Fig. S1 ).
Air quality, population, and wind speed data
Due to the respective limitations of available air quality datasets, we use several satellite and ground-based data sources to assess air quality in each city, as described below: 1) PM 10 : We downloaded station data from India's Central Pollution Control Board (CPCB) National Ambient Air Quality Monitoring (NAMP) Network (CPCB, 2012) . We use all available stations for Delhi, Bengaluru, and Pune from CPCB's Environmental Data Bank (http://cpcb.nic.in/; Table S2 ), but significant gaps exist in data availability per station and per month. Previous studies show considerable day-to-day variability in independent daily PM measurements in Delhi, and thus point to the lack of reliability in CPCB data (Tiwari et al., 2014b; Bisht et al., 2016) . However, for each city, CPCB observations are often recorded at multiple stations and overall span a longer time period (Table S2 ). While observations are limited to approximately 6-9 days per month and per station, they do not usually overlap among the different stations of each city. We thus account for the data sparseness of individual stations by normalizing PM 10 among all stations within a city to produce a citywide average PM 10 anomaly record. Due to PM 10 biases among industrial and residential stations, we focus on the relative PM 10 difference from the mean rather than absolute PM 10 values. We calculate the PM 10 anomaly based on the difference between PM 10 observations and the mean 2007-2013 PM 10 for each station. The individual station PM 10 anomalies are then averaged per day to produce a citywide average. 2) PM 2.5 : Although available for a shorter time period than the CPCB dataset, the U.S. Embassy in Delhi has monitored daily PM 2.5 concentrations since 2013 (http://newdelhi.usembassy.gov/ airqualitydata.html). 3) Visibility: Visibility measurements are from the National Climatic Data Centre (NCDC) Global Summary of the Day (GSOD) (https:// www.ncdc.noaa.gov/isd/products). While not a direct measure of air quality, degraded visibility is associated with increased air pollution as it measures the surface visual range, or ability to detect an object's outline against the horizon, as typically reported by a human observer from airport towers (WMO, 1996) . We downloaded all available records for Delhi and Bengaluru and average the daily measurements across stations (Table S3 ). 4) Ground-based AOD: AERONET (AErosol RObotic NETwork) Level 2.0 quality assured observations (Holben et al., 1998) are available for Pune (18.54°N, 73.81°E) at the 440 nm, 675 nm, 870 nm, and 1020 nm wavelengths; we use the observations at the 440 nm wavelength (http://aeronet.gsfc.nasa.gov/new_web/data.html) (Table  S4 ). 5) Satellite AOD: We use the daily 1°× 1°(latitude by longitude) spatial resolution product from MODIS Collection 6 Level 3 Aqua deep blue and dark target combined retrieval (MYD08D3) (Levy et al., 2013) . We extract daily AOD (550 nm wavelength) from the pixels corresponding to each city. 6) Population: In order to estimate the human population affected by outdoor burning, we use the 2010 UN-adjusted Gridded Population of the World (GPW), version 4 population count (CIESIN, 2016) . GPWv4 (30 arc-second resolution) is a globally integrated dataset constructed from the extrapolation of raw population and housing census counts in national and sub-national administrative units (Fig.  S2) . The UN-adjusted GPWv4 dataset adjusts for the 2015 UN World Population Prospects national population estimates. Urban populations within airsheds of Delhi, Bengaluru, and Pune were estimated by using MODIS-derived dataset from Schneider et al. (2010) . 7) Surface winds: For the characterization of average surface wind patterns, we use the Cross-Calibrated Multi Platform (CCMP) wind vector analysis product, version 2 (Wentz et al., 2015) . The Level 3 product incorporates satellite, moored buoy, and model wind data to produce high resolution 0.25°× 0.25°gridded surface vector winds at 10 m above surface (Remote Sensing Systems; http://www. remss.com).
Statistical analysis 2.4.1. Best subset regression
We assess the influence of fires within the daily airsheds of the three cities on the different measures of air quality while controlling for local meteorology (from wunderground.com). We use best subset regression to generate the best 1 to n-variable linear regression models by selectively incorporating predictors from: 1) FRP within the daily airshed and 2) local meteorological variables (air temperature, relative humidity, dew point temperature, sea level pressure, wind speed, and wind direction). The advantages of using a subset of available variables include eliminating uninformative variables and reducing the standard errors of estimated regression coefficients (Miller, 1984) . We then use the Bayesian Information Criterion (BIC), which incorporates a more stringent size penalty than the Akaike Information Criterion (AIC) and thus favors simpler models, to select the final model (Schwarz, 1978) . Using best subset regression and BIC as the objective criterion, we can focus on the most meaningful explanatory variables and determine whether FRP within the daily airshed is an important predictor of variance in air quality observations.
We consider coarser temporal resolutions with 3-day, 5-day, and 7-day averaging windows rather than simply using daily observations due to uncertainties in missing PM 10 and ground-based AOD data and in FRP (Freeborn et al., 2014 ). Since we find close agreement between the three averaging windows, we select the 5-day model as representative of potential short-term and long-term pollution effects. We use a "block" mean, which averages n values every n days, according to the averaging window size n. We use the block mean rather than the rolling mean (moving average) in order to avoid artificially strengthening correlation and increasing the sample size. All data are detrended to remove systematic shifts and focus on daily fluctuations in the data. However, data are not deseasonalized, since only sub-seasonal (two month) timeframes are considered. We also exclude predictors with a variance inflation factor (VIF) > 5, which is a more stringent threshold than 10, the general rule of thumb for identifying severe multiple collinearity where independent variables are correlated (Menard, 2002; Kutner et al., 2004) .
Extreme pollution days
We perform two-sample Welch t-tests on FRP within the daily airshed for extreme and normal days as defined for each air quality metric. Extreme pollution days during a burning season are characterized as 1 standard deviation above the mean for station PM 10 anomaly, station PM 2.5 , satellite AOD and ground-based AOD, and 1 standard deviation below the mean for visibility. Normal pollution days represent days not defined as extreme pollution days for that metric.
Crop and land cover
We use the University of Maryland (UMD) scheme of the yearly 500 m × 500 m MODIS MCD12Q1 Land Cover Type product (Collection 5) to attribute total FRP within the seasonal airshed to land cover categories. We simplify the UMD scheme classes to six classes: cropland, forest, shrubland, grassland, and savanna, barren and sparse vegetation, urban and built-up, and unclassified.
In addition, monsoon crops, most often rice, are the main agricultural crop throughout India. Farmers grow a second crop in the winter, often wheat or pulses, where water is available (Mondal et al., 2015) . For the post-monsoon burning season, we apply a second land cover classification scheme using the India cropped area dataset from Jain et al. (2013 Jain et al. ( , 2017 . This MODIS-based dataset estimates the percentage of winter cropped area annually from the 2000-01 to 2015-16 winter crop season and uses a forest mask derived from Hansen et al. (2013) . We categorize land cover within the post-monsoon airshed as quintiles of winter crop (ranging from 0 to 100%), forest, and other (non-agricultural and non-forest).
Results
Fires within a radius of 200 km
To select our cities of interest, we extract the total monthly FRP within a 200 km radius around the 10 most populous Indian cities (Fig.  S3) . The 200 km radius around Delhi has the highest 2007-2013 average total annual FRP of 2.3E+05 MW. The Pune, Mumbai, and Bengaluru annual averages are ranked second, third, and fourth with 7.2E+04 MW, 5.5E+04 MW, and 5.4E+04 MW, respectively. However, because the Pune and Mumbai radial airsheds share a 56% overlap in area and Mumbai only averages slightly higher annual FRP than Bengaluru, we choose Bengaluru as our third city. Different seasonal dynamics are also evident. In Delhi, fire intensity in the 200 km radius peaks in October and then again in April to May. The peak in Pune is from March to April and in Bengaluru, from February to March. We also explore different radii from 100 to 300 km; since Delhi, Pune, and Bengaluru have high fire activity most consistently from 2007 to 2013, we select these three cities for further analysis.
Fires within HYSPLIT-derived airsheds
Unlike the static 200 km radial airsheds used for initial assessment, HYSPLIT-derived airsheds vary spatially and temporally in the three cities for a subset of the three altitudes: 500 m, 1 km, and 1.5 km (described in Section 2.2). For every year, we define the fire season for each city airshed as two months with peak burning (Table S1 ): 1) October to November for Delhi post-monsoon burning; 2) April to May for Delhi pre-monsoon burning; 3) February to March for Bengaluru premonsoon burning; 4) March to April for Pune pre-monsoon burning. The two peak months represent repeated and sustained fire activity with high FRP (Fig. S5) . Outdoor burning in Delhi's airsheds is the most intense (FRP > 500 MW) and sustained from the last 2-3 weeks of October through the first two weeks of November (post-monsoon) and from the last week of April through the first 3 weeks of May (premonsoon) (Figs. S5a-b) . In contrast, outdoor fires within the airsheds of Bengaluru and Pune during the pre-monsoon burning seasons are usually characterized by low FRP (< 500 MW) and relatively shorter (sub-weekly), interannually variable, and discontinuous events (Figs. S5c-d).
Delhi
Delhi's pre-monsoon and post-monsoon airsheds are characterized by high fire intensity and relatively weak northwesterly winds (Fig. 2) . The average post-monsoon Delhi airshed, extending northwest to Haryana and Punjab and across the border to Pakistan, comprises a population of 63 million (39% in urban areas) (Fig. S2) . In contrast, the 
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Atmospheric Environment 172 (2018) [83] [84] [85] [86] [87] [88] [89] [90] [91] [92] average pre-monsoon Delhi airshed extends less to the northwest and more to the south, covering only Haryana and southern Punjab. The average post-monsoon Delhi airshed comprises a smaller population of 39 million (48% in urban areas). In Delhi's pre-monsoon and post-monsoon airsheds, fire activity occurs primarily on cropland. On average, pre-monsoon and postmonsoon agricultural fires are associated with 99% of total FRP within the seasonal airshed; in terms of area, the post-monsoon airshed averages 96% cropland, 4% urban and built-up, and 1% grassland, shrubland, and savanna, and the pre-monsoon airshed averages 83% cropland, 13% grassland, shrubland, and savanna, and 3% urban and built-up (Fig. 3) . Moreover, according to the Jain et al. (2013 Jain et al. ( , 2017 winter crop dataset, the contribution to FRP increases with % area winter crop: the 1-km 2 pixels with the highest FRP in the post-monsoon burning season are associated with those with higher winter crop cover (Fig. S7) . During the post-monsoon burning seasons from 2007 to 2013, FRP within the seasonal airshed is dominated by fires in pixels 80-100% covered by winter crop. The 80-100% winter crop percentile contributes on average 78% of total FRP and 45% of total area within the post-monsoon seasonal airshed. Thus, the land cleared of monsoon crop residue during post-monsoon burning is linked to the land used to subsequently sow the winter crop. FRP within the daily airshed is generally not well correlated with air quality observations, except for moderately with visibility during the post-monsoon burning season and station PM 10 anomaly during both burning seasons (Fig. 4, . In post-monsoon, peaks in FRP within the daily airshed correlate with high mean PM 10 anomaly and PM 2.5 , low visibility, and high satellite AOD; in contrast, such correlation of FRP within the daily airshed with air quality metrics is not observed pre-monsoon (Figs. S5a-b) . The 5-day FRP and local meteorology models explain 39% of variance in average station PM 10 anomaly, 77% in visibility, and 30% in satellite AOD (Table 1) . According to the 5-day models, PM 10 increases by 16.34 μg m −3 , visibility decreases by 0.155 km, and satellite AOD increases by 0.07 per unit increase in FRP (1000 MW). In contrast, for pre-monsoon burning, FRP within the airshed is not selected as a skillful predictor by best subset regression in any of the three final 5-day air quality models. Rather, local meteorology alone, with minimum temperature and humidity in particular, is more helpful in explaining variance in pre-monsoon air quality observations. The pre-monsoon 5-day local-meteorology-only models indicate that minimum temperature and minimum humidity together explain 40% of variance in station PM 10 anomaly and 35% in satellite AOD, while mean wind speed alone explains 8% of variance in visibility.
In addition, we find that the difference between FRP within the daily airshed in extreme and normal pollution days during the postmonsoon burning season for Delhi's airshed is statistically significant (p-value < 0.05) for all averaging windows for station PM 10 and PM 2.5 and for the 3-day averaging window for visibility (Table S8) T. Liu et al. Atmospheric Environment 172 (2018) 83-92 pre-monsoon burning season for Delhi's airshed.
Bengaluru
Bengaluru's pre-monsoon airshed extends eastward across Tamil Nadu and Andhra Pradesh and is characterized by low fire intensity and relatively strong easterly winds from the Bay of Bengal (Fig. S1) . The composite Bengaluru pre-monsoon airshed comprises a population of 37 million (29% in urban areas) (Fig. S2) .
Fire activity within Bengaluru's pre-monsoon airshed occurs primarily on cropland, forest, and grassland, shrubland, and savanna. On average, fires on cropland contribute 64% to total FRP, while those in forest area and grassland, shrubland, and savanna contribute 26% and Atmospheric Environment 172 (2018) 83-92 9%, respectively, to total FRP (Fig. S8) . Moreover, Bengaluru's premonsoon airshed averages 76% cropland, 17% grassland, shrubland, and savanna, 5% forest, and 2% urban and built-up in area (Figs. S6 and S8) . FRP within the daily airshed is positively correlated with station PM 10 anomaly and visibility; the latter is unexpected, since visibility generally decreases with higher fire activity (Figs. S5c and S9; Table  S6c ). Correlations between FRP within the daily airshed and satellite AOD are not statistically significant. Moreover, FRP within the airshed is not selected by best subset regression as a skillful predictor in any of the 5-day models of air quality (Table S5a ). The 5-day local meteorology only models explain 39% of variance in station PM 10 anomaly, 53% in visibility, and 30% in satellite AOD. The station PM 10 anomaly model uses maximum humidity, the visibility model uses minimum dew point temperature, mean and maximum wind speed, and wind direction, and the satellite AOD model uses maximum temperature and minimum dew point temperature as explanatory variables. Moreover, we do not find that extreme and normal pollution days are statistically significantly different during the pre-monsoon burning season for Bengaluru's airshed.
Pune
Pune's pre-monsoon airshed extends northwestward in Maharashtra and is characterized by low fire intensity and relatively strong northwesterly winds from the Arabian Sea (Fig. S1 ). The composite Pune premonsoon airshed comprises a population of 34 million (55% in urban areas) (Fig. S2) .
Fire activity within Pune's pre-monsoon airshed occurs primarily on grassland, shrubland, and savanna and cropland. On average, fires on grassland, shrubland, and savanna contribute 47% to total FRP, and those on cropland contribute 46% to total FRP (Fig. S8) . Moreover, Pune's pre-monsoon airshed averages 63% cropland, 29% grassland, shrubland, and savanna, 4% forest, 4% urban and built-up, and 1% barren and sparse vegetation in area (Figs. S6 and S8) . Correlations between FRP within the daily airshed and air quality metrics are not statistically significant (Figs. S5d and S9; Table S6d ). Moreover, FRP is not selected by best subset regression as a skillful predictor in any of the 5-day models of air quality (Table S5b ). The 5-day local meteorology models explain 24% of variance in station PM 10 anomaly, 18% in visibility, and 48% in satellite AOD. The station PM 10 anomaly model uses minimum temperature and maximum humidity, the ground-based AOD model uses minimum dew point and mean wind speed, and the satellite AOD model uses maximum temperature and minimum dew point as explanatory variables. We also do not find that extreme and normal pollution days are statistically significantly different for Pune's airshed.
Discussion and conclusions
Air pollution is a critical public health issue; India's population (currently 1.31 billion) is expected to grow to 1.7 billion by 2050 (United Nations, 2015) . Both its urban and rural populations are increasingly vulnerable to degraded air quality from agricultural residue burning (Kumar et al., 2015b) . We focus on outdoor biomass burning to identify the contributions from this source in the context of the many other sources, including vehicles, power plants, waste burning and industries. In this paper, we present a method of using HYSPLIT back trajectories to approximate daily and seasonal city airsheds in order to assess the impact of regional outdoor biomass burning to air quality in three populous Indian cities with the most consistent occurrence of fires in close proximity: Delhi, Pune, and Bengaluru.
We initially select the three cities of this study based on annual FRP within a radius of 200 km. However, airsheds constructed from 72-h HYSPLIT back trajectories show that airsheds are not equidistantly distributed around a city, but instead dynamically change both seasonally and annually, with trajectories often concentrated in one direction and extending beyond a 200 km radius. For example, the postmonsoon Delhi airshed extends to the northwest to Haryana and Punjab, while the pre-monsoon Delhi airshed lies more to the south and only covers southern Punjab and Haryana. The post-monsoon Delhi airshed is characterized by relatively high fire intensity due to: 1) higher overall FRP during the post-monsoon burning season, and 2) the extension of HYSPLIT-derived airsheds into Punjab, a state with high FRP density during both burning seasons.
We find that although outdoor fires within the Delhi airshed occur both post-monsoon (October to November) and pre-monsoon (April to May), post-monsoon fires, 99% of which were located in agricultural areas, are more likely to impact Delhi's air quality. Best subset regression selects FRP within the daily airshed, in addition to local meteorological variables, as a skillful predictor of variance in post-monsoon Delhi air quality in all three 5-day regression models, but in none of the models for pre-monsoon Delhi air quality. The three post-monsoon 5-day models, using local meteorological variables and FRP within the daily airshed as the only pollution source, explain 39% of variance in average station PM 10 anomaly, 77% in visibility, and 30% in satellite AOD, respectively; for per unit increase in FRP (1000 MW) within the airshed, PM 10 increases by 16.34 μg m −3
, visibility decreases by 0.155 km, and satellite AOD increases by 0.07. Post-monsoon, the combination of higher overall FRP in northwestern India and lower boundary layer from weather patterns characterized by cooler temperatures, higher relative humidity, and weaker winds favors the transport of pollutants into Delhi and deterioration of Delhi's air quality from agricultural fires . We find that the regression coefficients of the explanatory local meteorological variables in the 5-day regression models mostly corroborate these findings. For example, the negative coefficients of the maximum temperature and mean and maximum wind speed variables in the PM 10 model suggest that air quality degradation is more severe during periods characterized by lower air temperature and slower winds. In contrast, lower overall FRP in northwestern India and weather patterns that result in a higher boundary layer during the pre-monsoon burning season mitigate the transport of pollutants into Delhi. Moreover, for Bengaluru (February to March) and Pune (March to April), FRP within the daily airshed is roughly 46-64% agricultural, but not a selected as a predictor by best subset regression in any of the models. Within the airsheds of these two cities, strong winds and ventilation from the Indian Ocean may help alleviate air quality degradation from outdoor fires. Statistically significant differences in FRP within the daily airshed between extreme and normal pollution days in Delhi during the post-monsoon burning season and lack thereof in all three cities during the pre-monsoon burning season support our conclusions from models constructed from best subset regression and BIC.
We note several limitations of this study: 1) spatiotemporal uncertainties in FRP and susceptibility of FRP to cloud cover and haze, 2) lack of data availability of ground-based air quality measurements, and 3) the applicability of HYSPLIT back trajectory modeling due to potentially high smoke injection heights and mixing of smoke from different source regions. First, we follow the recommendation of Freeborn et al. (2014) to aggregate FRP within the airshed spatially and temporally; temporally, we considered FRP from 4 consecutive days matching daily divisions in the 72-h HYSPLIT back trajectories, and spatially, we extracted the total FRP from a 10-km wide buffer of HYSPLIT back trajectories. However, FRP may be underestimated due to the possible susceptibility of active fire detections to interference from thick haze and cloud cover and active fires below the MODIS detection limit and/or outside satellite overpass times. Second, we address the lack of consistent daily station PM 10 measurements by calculating a citywide station PM 10 anomaly. Due to the unreliability of CPCB PM 10 , we looked at additional air quality-related variables: visibility (NCDC GSOD), AOD (MODIS and AERONET), and PM 2.5 (US Consulate). We find moderately strong correlation between mean PM 10 anomalies and PM 2.5 anomalies in Delhi in 2013 (r = 0.62). We also see that correlations of and models using PM 10 anomalies generally agree with those using visibility and satellite and AERONET AOD. We also account for the temporal aspect of these two limitations by focusing on the block means for longer averaging windows (3-day, 5-day, and 7-day). Finally, for the third limitation regarding the applicability of HYSPLIT back trajectory analysis, we point to the growing body of literature incorporating HYSPLIT trajectory modeling to analyze the influence of fires. We also find considerable agreement across years in the seasonal airsheds determined from the HYSPLIT back trajectories trace air parcels back to within a season (as defined by > 10% of trajectories), particularly for the pre-monsoon and post-monsoon burning seasons in Delhi's airshed, lending some confidence to our approach.
Our "first-look" approach offers a preliminary analysis of the primary source regions of a city's air pollution that serves to motivate additional in-depth analyses using full atmospheric chemical transport models to attribute health impacts to specific air pollution sources. In this study, we target combustion from regional outdoor fires and more specifically, regional agricultural fires that contribute the majority of FRP to the city airsheds during pre-monsoon and post-monsoon. In contrast to the highly episodic, seasonal nature of agricultural burning, we expect the contribution of some combustion sources, such as waste burning, to be relatively constant throughout the year, while others likely vary seasonally, such as combustion for heating in the winter (December to January). While we focus on a single pollution source on a sub-seasonal timeframe, consideration of other pollution sources throughout the year will be crucial to building emissions inventories and evaluating public health implications in Delhi and other mega-cities.
Combining the approximation of city airsheds using back trajectory modeling with satellite fire observations is a paradigm for assessing the impact of a given pollution source for a given location on a fine spatial scale. In contrast to 3-D dynamic chemical transport models, HYSPLIT is an accessible and computationally inexpensive tool for assessing the regional sources of urban air pollution in India. Future studies could use forward trajectories started from fire hotspots to track transport and estimate the affected region. In addition, for more in-depth analyses, the HYSPLIT batch generator can be used to implement an ensemblebased approach that rapidly incorporates a large number of trajectories that sample temporal and spatial horizontal and vertical variations. This methodology would allow for accessible and near real-time assessment of pollution sources in city airsheds (or airsheds for any specified latitude and longitude) to guide more immediate responses to reduce fires, enforce burning restrictions at the locations and times that are most beneficial to mitigate airshed degradation, and improve local air quality in cities downwind of fires on time scales of days to weeks.
